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Dermoscopic images classification based on context and
instance-level feature of self-supervised learning

LIU Jiaxuan', HU Feiyi’, ZHANG Hui’, ZHANG Jinzhou', LI Ling'

(1. School of Electrical and Information Engineering, Changsha University of Science and Technology, Changsha 410114, China;
2. School of Electrical and Information Engineering, Hunan University, Changsha 410000, China; 3. School of Robotics, Hunan Uni-
versity, Changsha 410012, China)

Abstract: The skin disease detection method based on deep learning is limited by the difficulty of annotations, high
cost, time consuming and labor-intensive labeling of dermoscopy images. This paper proposes a self-supervised learn-
ing method for dermoscopy images, which uses unmarked dermoscopy images to improve the classification accuracy of
skin diseases. According to the characteristics of high similarity and single information of the spatial structure of dermo-
scopic images, a rotation prediction pretext task is designed to predict the rotation angle of the image through the model,
so as to constrain the model’s attention to pathological areas of the image, and learn the context feature. At the same
time, the paper presents an instance discrimination task and comparative learning of positive and negative instances to
obtain the instance information of dermatoscope images, which provides guidance for global classification information
in the classification of dermatoscope images. The initial skin disease detection model is obtained by fusing context fea-
tures and instance semantic information. The experimental results show that the self-supervised learning method pro-
posed in this paper can mine important information from unmarked dermoscopy samples, pay more attention to the le-
sion area of dermoscopy images, and make the classification results more accurate by fusing the characteristic informa-
tion of dermoscopy images.

Keywords: skin disease diagnosis; self-supervised learning; feature extraction; image classification; transfer learning;

convolutional neural network; medical image processing; auxiliary diagnosis
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Table 1 Results of KNN %
KL Acc Precision Recall F-score
Random 68.26 52.49 15.08 56.13
ImageNet 68.76 56.50 15.64 57.48
Rotation 68.16 68.44 14.68 55.56
BYOL 72.46 69.63 23.05 65.03
MoCo 72.75 72.97 23.37 65.29
SimCLR 73.05 73.76 24.08 65.93
Invariant 72.06 66.74 24.41 65.34
ARSI 74.55 71.93 29.41 70.51
£2 EBEIX LR
Table 2 Results of transfer learning %
NS5 O S 4 VRAE 2T W28 N AT 55 oM AR
KL
Acc Precison Recall Fy-score Acc Precison Recall Fi-score
Random  71.16+£0.51  73.8440.01 47.33£0.10  70.64+0.22  66.48+0.01  49.37+0.07 16.46+0.01  55.25+0.01
ImageNet  79.26+0.24  81.84+0.04  59.15+£0.11  78.65+0.03  74.63+£0.01  71.80+£0.02  39.42+0.17  71.19+0.03
Rotation ~ 80.47+0.02  81.47+0.03  63.81+0.19  79.81+0.04  67.87+0.01 54.85+0.09  18.81+£0.01  58.64+0.08
BYOL 76.97£0.09  78.30+0.02  50.98+0.10 = 74.81+0.07  74.66+0.01  70.32+0.01  35.48+0.01  71.17+0.01
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Fig. 4 Visualization of detection results of self-supervised method in transfer learning classification
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Fig.5 Result of self-supervised method transfer learning
on small sample datasets
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Fig. 6 Visualize activation maps of different tasks
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Table 3 Results of ablation experiments on

different tasks %
ik Acc Precision ~ Recall ~ Fj-score
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Table 5 Effect of negative sample numbers on
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